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Abstract
Main conclusion MicroRNAs miR390-5p, miR7694-3p miR1868 and miR1849 were found to be suitable miRNA 
reference genes for rice, under either infection with the root-knot nematode Meloidogyne graminicola or treatment 
with BABA.
Abstract RT-qPCR is a widely used method to investigate the expression levels of genes under certain conditions. A key 
step, however, to have reliable results is the normalization of expression. For every experimental condition, suitable reference 
genes must be chosen. These reference genes must not be affected by differences in experimental conditions. MicroRNAs 
are regulatory RNA molecules, able to direct the expression levels of protein coding genes. In plants, their attributed func-
tions range from roles in development to immunity. In this work, microRNAs (miRNAs) are evaluated for their suitability as 
reference genes in rice after infection with root-knot nematode Meloidogyne graminicola or after priming with beta-amino 
butyric acid. The evaluation was based on their amplification efficiency and their stability estimates according to geNorm, 
NormFinder and BestKeeper. All tested miRNAs, excluding one, were considered acceptable for normalization. Furthermore, 
miRNAs were validated using miRNA sequencing data. The set of microRNAs miR390-5p and miR7694-3p was found to 
be the most stable combination under the tested conditions. Another miRNA set consisting of miR7694-3p, miR1868 and 
miR1849 also shows potential to be used for miRNA expression normalization under experimental conditions beyond the 
scope of this study. This work is the first report on reference miRNAs in rice for the purpose of plant defence studies.
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Abbreviations
BABA  Beta-amino butyric acid
CPM  Counts per million mapped reads
CV  Coefficient of variation
Introduction
Rice (Oryza sativa) is a staple food worldwide with an 
annual yield of over 770 million tons (FAO 2017). It is 
mainly grown under anaerobic conditions, such as in rice 
paddies, and faces constant challenges from biotic stresses, 
such as fungi and nematodes. Nematodes alone can cause 
yield losses up to 25% (Bridge et al. 2005). Because of its 
detailed gene annotation and relatively small genome of 
ca. 420 Mb, it is often used as a monocot model organ-
ism. At the same time, there is an interest in exploring new 
avenues for biotechnological improvement of rice yield 
and immunity. These studies are increasingly focusing on 
microRNAs (miRNAs), 20–24-nt-long RNAs that regulate 
gene expression by targeting complementary mRNAs. In 
plants, this is generally followed by RNA-Induced Silenc-
ing Complex-directed cleavage of the mRNA, while animal 
miRNAs mainly function by inhibiting translation (Millar 
and Waterhouse 2005). Plant microRNAs play important 
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roles in numerous processes ranging from development to 
stress responses (Djami-Tchatchou et al. 2017). In rice, for 
example, overexpression of miR319 led to increased cold 
tolerance, while expression of miR397 has a positive effect 
on yield parameters such as grain size and panicle branching 
(Yang et al. 2013; Zhang et al. 2013; Wang et al. 2014). To 
understand their functionality, targeting effectiveness and 
role in biological pathways, it is critical that the expression 
of miRNAs is accurately assessed.
The most commonly used method for the evaluation of 
gene expression is reverse transcriptase-quantitative poly-
merase chain reaction (RT-qPCR). To account for techni-
cal variation due to factors such as differences in sample 
size, pipetting errors and sample quality, normalization is 
a crucial step in expression analysis (Pritchard et al. 2012). 
Mean expression value normalization can be used but is only 
valid if the number of miRNAs tested is sufficiently large 
and if there is no general trend towards miRNA over- or 
under-expression. This strategy is, therefore, generally not 
applicable to experiments that focus on a specific selec-
tion of miRNAs (Mestdagh et al. 2009). A very common 
alternative normalization technique is to use endogenous 
reference genes, which are known to be stably expressed 
under the conditions analyzed. Ribosomal RNA genes such 
as 18S ribosomal RNA are often chosen for this purpose 
(Chugh and Dittmer 2012). Ideally, genes used for normali-
zation should belong to the same RNA class as the genes 
of interest, to avoid bias created by differences in extrac-
tion efficiency, reverse transcription and/or PCR amplifi-
cation (Chugh and Dittmer 2012). Furthermore, reference 
genes should be validated for new experimental conditions 
since their expression may be treatment dependent (Kozera 
and Rapacz 2013), which has been demonstrated even for 
commonly used reference genes such as actin and GAPDH 
(Schmittgen and Zakrajsek 2000; Selvey et al. 2001). There 
is evidence that no gene can be universally used as a refer-
ence gene, which emphasizes the need for systematic valida-
tion of reference genes (Gutierrez et al. 2008).
In this work, several miRNAs are tested for their suitabil-
ity as reference genes in rice plant defence studies. A first 
treatment assessed constitutes the infection of rice plants 
with the root-knot nematode Meloidogyne graminicola. This 
endoparasitic pathogen is able to penetrate roots after which 
it creates feeding structures known as giant cells through 
the reorganization of vascular cells. These cells go through 
multiple mitosis cycles, but without cytokinesis, resulting 
in large multinucleic cells. The cells also undergo meta-
bolic and developmental reprogramming, while the defense 
response is suppressed (Gheysen and Mitchum 2011). 
As second treatment, beta-amino butyric acid (BABA) 
was applied on rice plants. BABA is a well-known plant 
defence activating molecule against both biotic as well as 
abiotic stresses (Slaughter et al. 2012; Ji et al. 2015; Jisha 
and Puthur 2016; Buswell et al. 2018). Candidate reference 
miRNAs were evaluated in both conditions. The best scoring 
pair of candidates was validated using a publicly available 
miRNA-sequencing dataset of rice under infection by rice 
stripe virus. This allows to compare the performance of the 
candidate reference miRNAs with state-of-the-art RNA-
sequencing normalization strategies by means of standard 
quality control plots and statistics.
Materials and methods
Plant materials
Seeds of Oryza sativa cv. ‘Nipponbare’ (GSOR 100, USDA) 
were germinated for 3 days at 30 °C on paper cloths that 
were drenched with tap water. Seedlings were transferred 
into SAP substrate (sand-absorbent polymer) (Reversat 
et al. 1999) and grown at 26 °C under a 16-h/8-h light/dark 
regime. We aimed at comparing three treatment groups. 
Firstly, at 14 days old, each plant was inoculated with ca. 200 
stage 2 juveniles of Meloidogyne graminicola. Galls were 
collected 3 days after inoculation, forming the first group 
(day 17). Secondly, at 16 days, plants were root-drenched 
with 3.5-mM BABA (Sigma Aldrich) dissolved in distilled 
water. Root tips were collected 24 h after application, com-
posing the second treatment group (day 17). Thirdly, at 
14 days old, control plants were mock-treated with distilled 
water. Root tips were collected after 3 days, i.e., the control 
group (day 17). Plant materials were immediately frozen in 
liquid nitrogen and stored at − 80 °C. Each treatment con-
sisted of four biological replicates. Each biological replicate 
consisted of ten plants.
Selection of candidate reference genes
Candidate reference genes were selected from an in-house 
small RNA sequencing dataset [to be published elsewhere, 
Verstraeten et al. (in preparation)]. The selection was made 
based on q-values relating to the significance of expression 
changes of miRNAs between roots of uninfected rice plants 
and galls of rice plants 3 days post inoculation, i.e., non-
differentially expressed miRNAs were selected. A second 
filtering step was done by selecting mature miRNAs whose 
sequences are unique in the rice genome, which was veri-
fied by the BLAST service of miRbase (http://www.mirba 
se.org/) (Kozomara et al. 2019). The names of the candi-
date reference genes are miR166m, miR5149, miR164e, 
miR156l-5p, miR7694-3p, miR535-3p, miR1876, miR390-
5p, miR168a-3p, miR1882e-3p, miR1849 and miR1868. 
The miRBase accession numbers of these miRNAs are pre-
sented in Supplementary Table S1.
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Primer design
RT-qPCR was performed using the stem-loop PCR method 
of Varkonyi-Gasic et al. (2007). Therefore, two primers 
were designed for each candidate reference gene: a stem-
loop primer for the reverse transcriptase step and a forward 
primer for amplification. A universal reverse primer was 
used. All primers were manufactured by Sigma Aldrich. 
The list of primers can be found in Supplementary Table S1.
RT‑qPCR
Frozen samples were ground and total RNA was extracted 
using the ZR Plant RNA Miniprep kit (Zymo Research) 
according to the manufacturer’s instructions. The bead 
beater step was performed using a FastPrep-24 homogenizer 
(MP Biomedicals) at a speed of 4 m/s for 45 s. All centrifu-
gal steps were performed at 16,000g.
For DNase treatment, 1 µg of total RNA per sample was 
combined with 3.6 µL DNase I buffer + MgCl2 (10×, B43, 
Thermo Scientific), 1 µL RiboLock RNase Inhibitor (40 U/
µL, EO0381, Thermo Scientific) and 1 µL DNAse I (1 U/
µL, EN0521, Thermo Scientific). Afterwards, RNase-free 
water was added until a total volume of 36 µL followed by 
incubation for 30 min at 37 °C. Finally, 4 µL EDTA (25 mM, 
Thermo Scientific) was added before incubating for 10 min 
at 65 °C. RNA quality was checked using a NanoDrop 2000 
spectrophotometer (Thermo Scientific).
Reverse transcription (RT) was performed using the 
Tetro cDNA synthesis kit (Bioline, Memphis, TN, USA). 
For every RT reaction, two mixes were made. The first mix 
consisted of 0.5 µL 10 mM dNTP mix (RNAse free), 8.5 µL 
nuclease free  H2O and 1 µL 1 mM of appropriate stem-loop 
primer (RNAse free). This mix was incubated at 65 °C for 
5 min after which it was cooled on ice for 2 min. The second 
mix consisted of 4 µL RT buffer, 0.5 µL Ribosafe RNase 
inhibitor (10 U/µL) and 0.25 µL Tetro reverse transcriptase 
(200 U/µL). The two mixes were subsequently combined 
with 1 µL RNA and 4.25 µL  H2O for a total reaction vol-
ume of 20 µL. Afterwards, samples were loaded into a T100 
thermal cycler (Bio-Rad) and incubated for 30 min at 16 °C, 
followed by pulsed RT of 60 cycles at 30 °C for 30 s, 42 °C 
for 30 s and 50 °C for 1 s.
qPCR was performed using the SensiMix SYBR Hi-ROX 
kit (Bioline). Three technical replicates were used per sam-
ple. Each sample mix consists of 10 µL 2 × SensiMix, 1 µL 
10 µM forward primer, 1 µL 10 µM reverse primer, 1 µL 
cDNA sample and 7 µL  H2O. Non template controls (NTCs) 
were made consisting of 10 µL 2 ×  SensiMix, 1 µL 10 µM 
forward primer, 1 µL 10 µM reverse primer and 8 µL  H2O. 
Sample mixes and NTCs were appropriately combined in 
a 96-well plate using a CAS-1200 Liquid Handling Robot 
(Corbett Robotics). Finally, the plate was inserted into a 
CFX Connect Real-Time system (Bio-Rad). The thermocy-
cling steps were as follows:
Data analysis
CFX Manager (version 3.1.1217.0823) was used for qPCR 
analysis. Cq values were determined using the regression 
modus. Uniformity of the melting curves was assessed as a 
quality control step. Amplification curves were fitted using 
the CFX Manager. The amplification efficiency was calcu-
lated using the value of the slope of the fitted amplification 
efficiency curves with the following formula:
The standard error (SE) of the efficiency values was cal-
culated using a Taylor’s series approximation (Gene Quan-
tification Platform 2019):
Slope is the slope of the fitted amplification curve, Y and 
Y′, respectively, represent actual and predicted Cq values; 
while N is the number of data points per amplification curve.
geNorm, NormFinder and BestKeeper were used for 
expression stability assessment (Vandesompele et al. 2002; 
Andersen et al. 2004; Pfaffl et al. 2004). geNorm was used 
as part of qbase+ that was installed on a local server. The 
expression stability of candidate reference genes is estimated 
by NormFinder through the calculation of a stability value 
based on intra- and intergroup variation. Lower intra- and 
intergroup variation will result in a lower stability value, 
which reflects more stable expression, essential for candi-
date reference genes. For NormFinder, Cq values of technical 
replicates were averaged and the averages were transformed 
into Q values. This transformation is necessary since Nor-
mFinder expects the input values to be on a linear scale. The 
following formula was used:
1. 95 ◦C for 10 min
2. 95 ◦C for 25 s
3. 58 ◦C for 25 s
4. 72 ◦C for 20 s
⎤⎥⎥⎥⎥⎦
Repeat 49 times
5. Increment temperature from 65 to 95 ◦C
to obtain melting curves.
E = 10−1∕slope
SE(E) =
E × loge(10) × SE(slope)
slope2
with SE(slope) =
�∑N
i=1
∑�
Yi − Y
�
i
�2
N
Q = E(Cq,min − Cq)
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Cq,min is the lowest Cq value for a candidate reference gene 
across all samples.
BestKeeper makes pair-wise correlations between all 
samples as well as between samples and an index that is 
calculated as the geometric mean of the Cq values. A higher 
coefficient of correlation indicates a more stable reference 
gene.
Validation
A relevant miRNA-sequencing dataset of rice infected with 
rice stripe virus was obtained from the GEO repository 
(Accession No. GSE74498) (Yang et al. 2016). All treat-
ments and controls had three biological replicates. For all 
samples, trimming was done with Trimmomatic (v0.38) 
using the following parameters: ILLUMINACLIP:3:30:10, 
MAXINFO:23:1, SLIDINGWINDOW:5:30, MINLEN:17 
(Bolger et al. 2014). STAR (v2.6.1d) was used for mapping 
using the following parameters: —outFilterMismatchNover-
Lmax 0.05, —outFilterMatchNmin 16, —outFilterScoreMi-
nOverLread 0, —outFilterMatchNminOverLread 0, —align-
IntronMax 1 (Zaleski et al. 2012). These settings were also 
used within the ENCODE project specifically for small 
RNA mapping (Dobin 2013). Afterwards, samtools (v1.3) 
was used to merge multiplexed samples and extract unique 
mappings (Li et al. 2009). A GTF file was downloaded from 
miRbase (v22) with all known mature rice miRNas. Count 
tables were generated by the summarizeOverlaps function 
in the GenomicAlignments R package (v1.16.0) (Lawrence 
et al. 2013). The following options were used for counting: 
mode=’Union’ and singleEnd = TRUE.
Multiple normalization methods were used: Firstly, 
naive library size scaling, performed by calculating count 
per million mapped reads (CPM) per sample. Secondly, 
the default DESeq2 (v1.22.2) normalization was applied, 
which involves calculation of the size factors determined by 
the median ratio of gene counts relative to geometric mean 
per gene (Love et al. 2014). Thirdly, edgeR (v 3.24.3) nor-
malization, the effective library size was estimated using the 
trimmed mean of M values method and taken into account 
for CPM value calculation (Robinson and Oshlack 2010). 
Finally, reference gene miRNA normalization, performed 
by calculating a scaling factor which is the geometric mean 
of the counts of the selected reference genes per sample. A 
pseudocount of 1 was added to the count table to enable use 
of logarithmic transformation. Differences between normali-
zation strategies were evaluated by considering three types 
of plots: MA plots, density plots and scree plots.
Results
Twelve miRNA genes were selected to test their suitability 
as reference genes in Oryza sativa. The setup included three 
experimental conditions, galls sampled at three days after 
inoculation with Meloidogyne graminicola, soil drenching 
with 3.5 mM BABA and mock-treated control plants. As a 
quality control step, the melt curves of the candidate ref-
erence genes were analyzed. For miR5149 and miR164e, 
no unimodal melt peaks could be generated; whereas for 
miR156l-5p, melt peaks were not uniform over all samples. 
Therefore, these genes were discarded from further analysis.
Amplification efficiency
The amplification efficiency of the candidate reference genes 
was determined using a tenfold dilution series of a pooled 
cDNA sample containing all samples over all experimental 
Fig. 1  Amplification efficiency curves. The expression levels of the 
candidate reference genes were assessed in a tenfold dilution series 
of a pooled sample of all conditions. Three technical replicates were 
used. Amplification efficiency curves were fitted to the Cq values 
using linear regression and are shown on a log scale. The correspond-
ing efficiency value (E), standard error of the efficiency value [SE(E)] 
and coefficient of determination of the fitted curve (R2) are shown per 
candidate reference gene. Cq values > 40 were omitted
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conditions (Fig. 1). Cq values higher than 40 were deemed 
unreliable and were omitted. A clear outlier was miR166m 
which had an amplification efficiency of 2473.4% and was, 
thus, discarded. The amplification efficiencies of the other 
candidate reference genes ranged from 79.2 to 112.1%, while 
the correlation coefficients of their fitted dilution curves var-
ied from 0.968 to 0.998.
geNorm analysis
geNorm utilizes two metrics to evaluate the reference poten-
tial of candidate genes. The first metric is the M value which 
signifies the expression stability of a gene relative to the 
other genes that are tested. A higher M value indicates lower 
stability. The second metric is the coefficient of variation 
(CV), which indicates how stably a gene is expressed across 
conditions. A higher CV value indicates lower stability.
The M and CV values are shown in Table 1. M values 
vary between 0.342 and 0.991 across conditions, while CV 
values vary between 0.115 and 0.578. Candidate reference 
genes miR390-5p and miR7694-3p score the best: in terms 
of M value, they are among the best three candidates in every 
sample grouping with miR7694-3p topping the list in two 
sample groupings (Infection and BABA), while miR390-5p 
has the lowest M value in the All grouping. In terms of CV 
value, miR7694-3p and miR390-5p are the best candidates 
in every sample grouping.
The M value of a candidate reference gene is depend-
ent on the set of samples that are considered in the analy-
sis as well as on the stability of other candidate reference 
genes. If samples of all conditions are taken into account, 
i.e., BABA treatment, infection and control (All grouping), 
then miR7694-3p and miR390-5p are the most stable ref-
erence genes after stepwise exclusion of the least stable 
candidate reference gene (Fig. 2a). Similarly, if only con-
trol and infection samples are taken into account (Infection 
grouping), then miR1882e-3p and miR1876 are the most 
stable reference genes (Fig. 2b). Lastly, if only control and 
BABA treatment samples are considered (BABA group-
ing), then miR7694-3p and miR1882e-3p are identified as 
the most stable candidates (Fig. 2c). Candidate miR535-3p 
is the least stable gene in the All and Infection grouping, 
while miR1849 was the least stable candidate in the BABA 
grouping.
It is preferred to use multiple reference genes for the nor-
malization of qPCR data (Vandesompele et al. 2002). To 
determine the optimal number of reference genes, V values 
are calculated per added gene to the reference gene set. V 
values represent the pairwise variation between a normali-
zation factor based on a set of reference genes and a nor-
malization factor that is based on that same set of reference 
genes and one additional reference gene. Thus, the V value 
reflects to which extent expression normalization is affected 
by adding an extra gene to the set of reference genes. If the 
V value is lower than 0.15, it is no longer considered benefi-
cial to add an extra gene to the reference gene set. In every 
sample combination, the V2/3 value is already below the 0.15 
threshold indicating that two reference genes are sufficient 
(Fig. 2d) (Vandesompele et al. 2002).
NormFinder
NormFinder ranks candidate reference genes by calculat-
ing the inter- and intragroup variation for every gene and 
combining these metrics into a stability value (Andersen 
et al. 2004). Lower stability values indicate stabler gene 
expression. In all groupings, miR390-5p and miR7694-3p 
are the top two most stable reference genes, while miR168a-
3p ranks third (Table 2). In the BABA grouping, miR390-
5p and miR7694-3p share the first place, since they have 
an identical stability score. Overall, stability values varied 
between 0.104 and 0.549.
Table 1  M and CV values of 
candidate reference miRNAs for 
all sample groupings
Three sample groupings were used: All all samples, Infection infected + control samples, BABA BABA 
treated + control samples. Four biological replicates were used per treatment. Three technical replicates 
were used per biological replicate
M CV
All Infection BABA All Infection BABA
miR168a-3p 0.529 0.540 0.377 0.208 0.253 0.123
miR1849 0.680 0.523 0.731 0.349 0.232 0.433
miR1868 0.593 0.551 0.382 0.328 0.292 0.141
miR1876 0.474 0.454 0.361 0.164 0.194 0.132
miR1882e-3p 0.527 0.526 0.376 0.257 0.286 0.143
miR390-5p 0.462 0.441 0.367 0.123 0.146 0.116
miR535-3p 0.991 0.818 0.689 0.578 0.541 0.401
miR7694-3p 0.475 0.440 0.342 0.150 0.148 0.118
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BestKeeper
BestKeeper uses a multi-step approach towards the determi-
nation of the most stable reference genes (Pfaffl et al. 2004). 
Firstly, it labels candidate reference genes as stable or unsta-
ble based on its SD (standard deviation). An SD higher than 
1 marks a gene as unstable. The remaining genes are used 
to create an index by taking a geometric mean per sample 
of the Cq values. Then, a Pearson correlation coefficient is 
calculated between each candidate reference gene and the 
index which is used to rank the candidate reference genes 
(Table 2). A higher correlation coefficient indicates a higher 
stability. The BABA grouping shows lower correlation coef-
ficients (0.016–0.725) than the All grouping (0.185–0.906) 
or Infection grouping (0.293–0.958). Notably, miR390-5p is 
considered to be the most stable reference gene in two (All, 
BABA) of the three sample groupings.
The rankings of the candidate reference genes obtained by 
analyses in geNorm, NormFinder and BestKeeper are com-
bined to determine an overall stability ranking: per candidate 
reference gene, rankings are used to calculate a geometric 
mean (Table 3). For geNorm, rankings from the stepwise 
exclusion analysis were used (Fig. 2a–c). Based on this com-
parison, miR390-5p and miR7694-3p are the highest ranked 
and the final choice as reference genes.
Validation
To validate the suitability of miR390-5p and miR7694-3p 
as miRNA reference genes, a public miRNA-sequencing 
dataset of rice under infection by rice stripe virus was used 
(Yang et al. 2016). This strategy allows to use common qual-
ity control methods to assess the performance of the refer-
ence genes in comparison with 4 normalization strategies: 
No normalization, naive library size normalization, DESeq2 
normalization and edgeR normalization (trimmed mean of 
M values).
First, MA plots were created to compare the effects of 
the normalization strategies. As can be seen in Fig. 3a, the 
miRNA normalization performs equally well as the other 
normalization methods.  Log2 fold change values show a 
symmetrical spread and are centered around 0 for increas-
ing counts. A successful normalization of count data results 
in highly overlapping count distributions of the samples. 
Additionally, density plots were generated for all samples 
(Fig. 3b). Unnormalized counts and counts normalized by 
edgeR exhibit highest degree of overlap of density profiles 
between samples. Sample density profiles of miRNA nor-
malized counts show a slight spread but are still highly over-
lapping. Finally, normalization effects were verified using 
principal component analysis. Successful normalization 
reduces technical dependency between variables, resulting 
in a reduced amount of variance that can be explained by a 
a
c d
b
Fig. 2  geNorm assessment of candidate reference gene stability. 
Change of average M value of the candidate reference gene set after 
stepwise exclusion of the least stable reference gene involving a all 
samples, b infected + control samples, c BABA treated + control sam-
ples. d Change in V value after stepwise inclusion of candidate refer-
ence genes in the reference gene set. Four biological replicates were 
used per treatment. Three technical replicates were used per biologi-
cal replicate
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single principal component. Scree plots shown in Fig. 3c 
demonstrate that the distribution of the variance percentages 
explained by the principal components is the most evenly 
spread in the case of miRNA normalization. Another selec-
tion of miRNAs was chosen to be tested as reference genes 
for their potential to be used in experimental conditions 
beyond those described in this work: miR7694-3p, miR1868 
and miR1849 have, to the best of our knowledge, not yet 
been described as differentially expressed under abiotic and 
biotic stress conditions. Normalization was done by scal-
ing counts sample-wise with the geometric mean of counts 
of miR7694-3p, miR1849 and miR1868 and performed on 
par with the other normalization techniques (Supplementary 
Fig. S1).
Discussion
For reliable RT-qPCR results, normalization is a critical step 
in the analysis. The Minimum Information for publications 
of Quantitative real-time PCR Experiments (MIQE) guide-
lines recommend the use of multiple reference genes of 
which the optimal number and choice must be experimen-
tally determined (Bustin et al. 2009). In this study, 12 miR-
NAs were evaluated for their potential as reference miRNAs 
under plant defence affecting conditions, namely nematode 
infection and treatment with BABA. Overall, miR390-5p and 
miR7694-3p were determined to be the most stable reference 
genes. While NormFinder does not suggest a cut-off in sta-
bility value, geNorm and BestKeeper do have guidelines: 
in a geNorm analysis, M and CV values would ideally be 
lower than 0.5 and 0.25, respectively, and be acceptable up 
to values of 1 and 0.5, respectively (Hellemans et al. 2007). 
All candidate reference genes can be considered acceptable 
in all sample groupings (Table 1). Candidate reference genes 
miR390-5p, miR7694-3p and miR1876 have M and CV val-
ues below the “ideal” threshold for all sample groupings, 
while miR168a-3p, miR1868 and miR1882e-3p are consid-
ered ideal in the BABA sample grouping. BestKeeper, on 
the other hand, considers genes with a standard deviation > 1 
to be unstable. Only miR535-3p has a standard deviation 
greater than 1 (in the All and Infection sample grouping, 
Table 2). The standard deviations of the other candidate ref-
erence genes were well below the threshold. This indicates 
that, with the exception of miR535-3p, all candidate refer-
ence genes show a stable expression and have potential to 
be used for normalization.
MicroRNA miR390-5p has also been shown to be a suit-
able reference miRNA in cotton under biotic stress (Fausto 
et al. 2017). However, since miR390-5p has been shown 
to be differentially expressed in rice under a number of 
conditions such as heavy metal stress, drought stress, salt 
stress, UV stress and infection by Magnaporthe grisea, it Ta
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would be advisable to use caution when considering using 
miR390-5p as a reference gene in experimental conditions/
organisms other than those used in this work (Ding et al. 
2016; Lu et al. 2018). On the other hand, to the best of our 
knowledge, miR7694-3p has not been shown to be differ-
entially expressed under either biotic or abiotic conditions, 
and hence could be used in other studies. The combination 
of miR7694-3p, miR1868 and miR1849 was also tested and 
validated for its suitability as a reference gene set under 
nematode infection and viral infection. However, this does 
not guarantee their suitability as reference miRNAs in other 
conditions such as fungal or bacterial infection, as these 
conditions may have a differing effect on the behavior of 
miRNAs, and hence experimental confirmation will still be 
needed under other stress conditions. Nevertheless, since 
none of these miRNAs have been described thus far as being 
differentially expressed under abiotic or biotic stress con-
ditions, they have great potential to be used as candidate 
reference genes in experimental conditions beyond those 
described in this work.
In conclusion, miR390-5p and miR7694-3p have been 
found to be suitable miRNA reference genes for rice, an 
important staple crop and model organism, under either 
infection with the root-knot nematode Meloidogyne gramini-
cola or treatment with BABA. Furthermore, we have demon-
strated the potential of miR7694-3p, miR1868 and miR1849 
to be used as candidate reference miRNAs in experimental 
conditions beyond those described in this work.
Table 3  Rankings by geNorm, 
NormFinder and BestKeeper 
per sample grouping for each 
candidate reference gene
Three sample grouping were used: All all samples; Infection infected + control samples; BABA BABA 
treated + control samples
geNorm NormFinder BestKeeper Geometric mean
All Infection BABA All Infection BABA All Infection BABA
miR390-5p 1 4 4 1 2 1 1 4 1 1.71
miR7694-3p 2 5 1 2 1 1 3 3 5 2.13
miR168a-3p 3 7 6 3 3 3 4 5 2 3.72
miR1876 4 1 3 4 4 5 5 6 7 3.88
miR1882e-3p 5 2 2 5 6 4 7 7 8 4.61
miR535-3p 8 8 7 8 8 7 2 2 4 5.28
miR1849 7 6 8 7 5 8 6 1 6 5.32
miR1868 6 3 5 6 7 6 8 8 3 5.47
a
b
c
Fig. 3  Normalization of count data using default or miRNA normali-
zation with either DESeq2 or edgeR. a MA plots of DESeq2 show 
log2fold change in function of the mean of normalized counts over 
all samples. MA plots of edgeR show log2 fold change in function of 
average logCPM (average of logarithmic counts per million over all 
samples). b Density plots of DESeq2 show density in function of the 
logarithmic transformed normalized counts. Density plots of edgeR 
show density in function of log2CPM (logarithmic counts per mil-
lion). c Scree plots
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